Abstract. Characterizing the dynamics of soil moisture fields is a key issue in hydrology, offering a strategy to improve our understanding of complex climate-soil-vegetation interactions. Besides in-situ measurements and hydrological models, soil moisture dynamics can be inferred by analyzing data acquired by sensors on board of airborne and/or satellite platforms. In this work, we investigated the use of the National Oceanic and Atmospheric Administration -Advanced Microwave Sounding Unit-A (NOAA-AMSU-A) radiometer for the remote characterization of soil water content. To this aim, a field measurement campaign, lasted about three months
Introduction
Soil moisture (SM) is a fundamental variable in a large number of applications including flood forecasting, numerical weather prediction, agricultural drought assessment, water resources management, etc. Its importance has been stressed by several authors in all water related issues. For instance, the soil moisture state as well as its spatial distribution are controlling factors for both the infiltration process and the catchment response, especially in small and medium-sized basins (Merz and Plate, 1997; Hino et al., 1988; Schulze, 2000; Castillo et al., 2003; Meyles et al., 2003; Scipal et al., 2005; Blume et al., 2009; Manfreda, 2008) .
The Global Climate Observing System (GCOS) has recently included soil moisture in the list of the Essential Climate Variables (ECVs) (GCOS-138, 2010) confirming the relevance of such a parameter at a global scale and also increasingly stimulating the research to invest on intensive field measurements campaigns in order to better understand the complex dynamics of SM in space and time domains. As a consequence, SM measurements would be extremely useful especially if performed with high sampling frequency, over large areas and with a good level of accuracy.
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The measurement of soil water content is still difficult and expensive, because most techniques are punctual and provide indirect measures (e.g., TDR, FDR, Tensiometers). The gravimetric soil sampling is the only direct method for estimating the total water content of soils, but it is time consuming. In fact, this method is generally used to calibrate other techniques. In this contest, a major source of data may come from the information collected by satellites, for their ability of investigating, at very large scale (Troch et al., 1997) , not only SM but also vegetation cover (Dobson and Ulaby, 1998; Jackson and Vine, 1996) , both relevant in hydrological applications.
In recent years, the capability of Earth Observation (EO) systems to provide reliable SM measurements has been largely investigated. One of the main advantages of the remote sensing approach, as far as passive systems are considered, is the availability in near real time of quasi-continuous data, useful to perform frequent mapping, early warning, prediction and forecasting activities. Although remote sensing provides information on a large spatial scale, it is only applicable to the skin layer of the soil surface, and is unable to analyze the deepest layers. Concerning the capabilities of satellite passive radiometers, an intensive measurement campaign was conducted by the Electronically Scanned Thinned Array Radiometer (ESTAR) during the Southern Great Plains 1997 (SGP97) (Famiglietti et al., 1999) testing the use of passive microwave remote sensing to measure the surface wetness . In the last decade, data acquired by microwave sensors, both active and passive, have been gathered confirming their potential in providing detailed information about SM variability in the space-time domain . The launch of Soil Moisture and Ocean Salinity mission (SMOS) in November 2009, an ESA (European Space Agency) dedicated soil moisture mission, clearly indicates the need and the will of the international scientific community to have a better SM estimation from satellite (Kerr et al., 2001; Kerr, 2007; Kerr et al., 2010) .
Furthermore, in-situ SM observations are needed to evaluate SM products derived from satellites Pasolli et al., 2011) . Several in-situ SM measurement campaigns have been carried out waiting for SMOS launch and operational status (Camps et al., 2004; Vall-llossera et al., 2005; Rosnay and Calvet, 2006; Calvet et al., 2007; Panciera et al., 2008; Zribi et al., 2010) , as well as to validatecalibrate data acquired by other satellite-based microwave sensors (Njoku et al., 2002; Jackson and Cosh, 2003; Jackson et al., 2005 Jackson et al., , 2006 Colliander et al., 2010) . This considerable quantity of information is extremely useful for the assessment of the potential of every satellite product in any observation condition at a global scale as well as to evaluate models performances . This makes the development of a Global Terrestrial Network for Soil Moisture (GTN-SM), with a set of in situ stations with standard measurement protocols, data quality assurance strategies and archiving procedures (GCOS-138, 2010) , a crucial point.
The International Soil Moisture Working Group under GEWEX (Global Energy and Water Cycle Experiment), along with the CEOS (Committee on Earth Observation Satellites) Working Group on Calibration and Validation, have strongly contributed to the establishment of an integrated global soil moisture observing system as part of the Global Earth Observation System of Systems (GEOSS), as envisaged by the Group on Earth Observation (GEO). The data hosting center "International Soil Moisture Network (ISMN)" has been established with the financial support of ESA and it is operated by the Vienna University of Technology (ESA, 2010; Dorigo et al., 2011) .
Within this framework, we further investigated the ability of Advanced Microwave Sounding Unit-A (AMSU-A) sensor, the radiometer aboard National Oceanic and Atmospheric Administration (NOAA) polar satellites series since 1998, in investigating SM variations. In a recent study (Lacava et al., 2010) , in fact, the capability of this sensor (onboard NOAA-15) for SM estimation has been assessed through a comparison of two AMSU-based SM indices with both in-situ and simulated data for the Upper Tiber river catchment (i.e. in Umbria region). To better assess the reliability of the AMSU-based SM indices, as well as to verify the independence of the obtained results from a specific geographic location, the observational and environmental conditions, in this work SM AMSU retrievals have been compared with both in-situ observations and modeled SM for a specific site located in Basilicata Region (southern Italy). This site in fact, is characterized by dryer climate and different soil and vegetation respect to the previous case study.
AMSU-A sensor provides data at a resolution of about 20 km, but with high frequency (i.e. one pass every 12 h at mid latitudes). This means that it may not be used to interpret spatial variability of SM at the basin scale, but it may provide a good description of the its temporal fluctuations. Previous works (e.g. Lacava et al., 2010) have underlined the ability of such product to describe the seasonal fluctuation of SM, but it would be more interesting to understand if, and to what extent, AMSU-based indices are able to describe short time fluctuations of SM. This paper try to tackle this problem and provides a strategy for the use of AMSU data.
To reach the scope of the paper, soil moisture information achieved by exploiting AMSU-A data acquired by NOAA 18 satellite were first compared with in-situ measurements achieved by a field campaign lasted three months (MarchMay 2010) . After the intercomparison with direct measurements, a more robust long-term comparison was performed over a period of 5 yr (2006) (2007) (2008) (2009) (2010) by using simulated data obtained applying the hydrological Distributed model for Runoff Et Antecedent soil Moisture simulation (DREAM) (Manfreda et al., 2005) .
The paper introduces the methods and techniques adopted within this work in Sect. 2. Section 3 provides a description of the data and finally in Sect. 4, results of these analysis will be presented and discussed.
Methods

The AMSU-based soil wetness indices
The AMSU-A is a cross-track scanning total power radiometer. It is divided into two physically separate modules, each of which operates and interfaces with the spacecraft independently. Module A-1 contains 13 channels (23.8 GHz-57.3 GHz) and Module A-2 contains two additional channels (57.3 GHz and 89.0 GHz). The sensor has a maximum scan angle of ±59.5 • and a swath of about 2.343 km width from the 833 km nominal orbital altitude. The nominal spatial resolution at nadir is 50 km, but during the processing, AMSU-A data are re-mapped at 20.0 km.
In the present work, two different SM indices have been generated from AMSU-A data. Their potential in providing information about SM is related to the specific spectral features of AMSU-A. Some AMSU channels, in fact, being localized in atmospheric windows (those at 23.8, 31.4, 50.3, 89 and 150 GHz, respectively) , are able to provide information about surface parameters, such as SM. In particular, due to the different emissivity of dry and wet soils in the microwave region, a combination of measurements achieved at high and low AMSU frequencies may give a qualitative estimation about variations in surface SM (Grody et al., 2000; Gu et al., 2004; Kongoli et al., 2006; Lacava et al., 2010) . Starting from these considerations, the Surface Wetness Index (SWI) is defined as:
SWI (x,y,t) = BT 89 (x,y,t) − BT 23 (x,y,t)
where t is the acquisition time, (x,y) are the geographic coordinates of the pixel center, BT 89 is the radiance (expressed in Brightness Temperature) measured in channel 15 (at 89 GHz) and BT 23 is the same quantity, but measured in channel 1 (at 23 GHz). Positive values of such an index should indicate a high soil water content within the instantaneous field of view (IFOV) of the sensor. As soil wetness increases the decrease in emissivity is enhanced at lower frequencies, so that the emissivity difference at low and high frequencies increases as well (Basist et al., 1998; Singh et al., 2005) . In order to reduce the effects arising from the presence of vegetation, roughness and/or permanent water within the IFOV, Lacava et al. (2005) proposed a standardized version of SWI, the Soil Wetness Variation Index (SWVI):
being µ SWI (x,y) and σ SWI (x,y) the monthly mean and standard deviation of SWI respectively (i.e. the reference fields). These parameters are computed following the Robust Satellite Techniques (RST) approach proposed by Tramutoli (1998 Tramutoli ( , 2007 , based on a homogeneous multi-annual data-set of AMSU-A images. The latter are collected during the same calendar month of the year and approximately at the same hour of the day of the image at hand. The SWVI gives an estimation of relative, rather than absolute, SWI variations. Generally speaking, assuming that vegetation and roughness effects may be considered constant within a 1-month temporal window, high values (in modulus) of SWVI should indicate a relative variation in SM at each specific location and in particular, positive SWVI values indicate soil conditions wetter than those expected in unperturbed conditions. For its construction SWVI is a standardized variable having a Gaussian behaviour, characterized by mean value 0 and standard deviation 1. This means that about 96 % of the measured SWVI at a specific location (x,y) is included in the range −2 < SWVI < 2. Hence, SWVI values within that interval have a significant higher frequency of occurrence and account for the "normal" fluctuations of the considered signal because of the variations of observational, atmospheric and illumination conditions.
Data filtering
Information about SM achievable by microwave satellite data is directly related to the surface soil layer (0.2-5 cm) , while in-situ observation are usually referred to a deeper layer. So that every time they are compared it is necessary to transfer surface information to the soil profile. One way is to use data assimilation models that explicitly account for the infiltration process into the deeper layer using measured climatic forcing (e.g. Margulis et al., 2002) . A simplified scheme is represented by the semi-empirical approach proposed by Wagner et al. (1999) , also referred to as exponential filter, that only requires the calibration of one parameter for its application (e.g. Brocca et al., 2009) . Such a method was employed for this purpose:
where X(t n ) is the SM index retrieved from AMSU (SWI and SWVI), X * (t) is the filtered SM index (thus obtaining SWI * and SWVI * ), t n is the acquisition time of X(t n ) and T is the characteristic time length parameter to be calibrated. The obtained SWI * and SWVI * indices are thus representative of a deeper soil layer and, hence, more comparable with ground measurements and modelled SM data.
Soil moisture modelling by DREAM model
To extend the period of investigation of the experimental field campaign, we adopted a hydrological model to describe multi-year SM fluctuations. DREAM (Distributed model for Runoff Et Antecedent soil Moisture simulation), introduced by Manfreda et al. (2005) , is a semi-distributed hydrological model suitable for continuous simulations. The main hydrological processes are computed on a grid-based representation of the river basin that takes into account the spatial heterogeneity of hydrological variables using a digital elevation model, soil and vegetation grid-maps. Canopy cover determines the amount of rainfall intercepted by vegetation before hitting the soil surface. Throughfall (precipitation minus interception) is initially stored in surface depressions; net precipitation (throughfall minus depression storage) is then subdivided in surface runoff and infiltration into the soil; soil water content, which is the limiting factor of evapotranspiration from vegetation, is redistributed within each subcatchment according to the morphological structure of the basin exploiting the wetness index proposed by Beven and Kirkby (1979) . Groundwater recharge is obtained as percolation through the vadose zone and it is routed as a global linear reservoir. DREAM applied at daily time-step requires the calibration of only one parameter, thanks to a robust and physically based parametrization, which allows for an extensive use of a priori information. The DREAM model was successfully tested in several medium-size basins, exhibiting considerable differences in climate and other physical characteristics (e.g., Manfreda et al., 2005; Fiorentino et al., 2007) . In the present study, DREAM model has been applied over a time window of about 5 yr, using data recorded from January 2006 to September 2010. It is important to underline that for this modeling application, we paid particular attention to the estimation of the evapotranspiration fluxes that are the main responsible of SM dynamics during the drying phases. The potential evapotranspiration was estimated using the Penman-Monteith equation modified by the FAO (Allen et al., 1998) . Effects of basin morphology were incorporated in the computation using the analytical algorithm developed by Allen et al. (2006) for the estimation of the incident solar radiation, that affects evapotranspiration as well as snowmelt, taking into account both aspect and slope of the surface. SM is computed in each grid cell of the basin, assuming uniform soil water content over the root profile. As a consequence the estimated SM values refer to a control volume that changes from site to site assentially according to the vegetation cover and ranges from 50 up to 180 cm of depth. The relative saturation of the basin is obtained averaging the relative saturation (θ/n, where θ is the soil water content and n is the soil porosity) of the basin grid cells. This time series, multiplied by the mean porosity of the soils of the basin, provides a description of the soil moisture dynamics over a larger spatial scale (basin-scale 32.5 km 2 ). This scale is still smaller than the resolution of AMSU-A sensor (20 km), but certainly is better suited for such comparison respect to point measurements.
Study area and experimental setup
The monitoring campaign was carried out over the experimental river basin "Fiumarella of Corleto" located in Basilicata region (Southern Italy). It is a tributary of the Sauro river (Agri basin) and has an area of 32.5 km 2 . The basin is placed in a sub-humid climatic zone with mean annual rainfall of approximately 720 mm and characterized by hot-humid summers and chilly to mild winters. A general description of the basin is given in Fig. 1 , where the geographical location of the basin and its experimental setup are described. There, some details regarding the permanent monitoring system as well as the location of the sites monitored during the field campaign, are also given.
For the study area a high resolution LiDAR DEM (1 × 1 m) is available, which has been used to characterize the morphology of the investigated sites (see Fig. 1 ) as well as for the modeling application described in Sect. 2.3. Catchment pedology was investigated through field campaigns and laboratory measurements aimed at identifying the main soilland units of the basin. These data were reported in the land cover map elaborated by Santini et al. (1999) that was there after used by Carriero et al. (2007) to define the soil hydraulic properties of each unit. Such an analysis was used in the rainfall-runoff application that requires accurate information about the spatial variability of soils (Romano and Santini, 1997; Romano and Palladino, 2002) .
In situ measurements of soil moisture have been carried out using a portable two-wire connector-type Time Domain Reflectometer (TDR) produced by E.S.I. (Environmental Sensors Inc.). TDR probes were connected with a 2.5 m long coaxial cable to the TDR instrument. Measurements were acquired at 0-30 cm depth, in five experimental sites (A, B, C, D, and E in Fig. 1 ) characterized by different land cover and soil textures. This last choice was made in order to account for the spatial heterogeneity existing within the basin area. In fact, these sites have been identified selecting the most representative land-soil units of the basin. In particular, the site A is located in a silt loam soil covered by grass and shrubs (this unit covers an area of 3.1 km 2 ), B in a silt clay soil covered by woody vegetation (unit area of 5.9 km 2 ), C is in a clay loam soil with woody vegetation(unit area of 3.9 km 2 ), D is located in silt loam soil (unit area of 0.4 km 2 ), and finally the site E is in a silt loam soil with agricultural land use (crop) (unit area of 6.8 km 2 ).
The sampling scheme adopted was modified according to the local morphology, using squares (with 3 × 3 points) over gentle slopes or flat surfaces and transects in the case of steep slopes. In detail, we identified three sites with a gentle slope or flat (called Monte Caperrino, Masseria Falcone and the basin outlet) and two transects (named Transect 1 and Masseria Potenza) that are characterized by a mean slope of about 15-18 %. The sampling scheme adopted in each site is shown in Fig. 1 . Measurements on Monte Caperrino and Masseria Falcone sites were made over a 3 × 3 regular grid composed of 9 points with 10 m spacing. The measurements at the site close to the basin outlet were made in 3 nodes given the difficulties due to the alluvial material that makes more difficult the probes penetration into the soil. The two transects have been located in two slopes with opposite aspects. The Transect 1, located on the hydraulic right side of the basin, counts 11 sampling points and has a length of about 60 m. The Masseria Potenza Transect, located on the hydraulic left side, counts 15 sampling points and is 170 m long.
The field data
The field campaign was carried out from 3 March 2010 to 18 May 2010, in 14 days. Measurements were gathered between 12 p.m. to 2 p.m., while the NOAA satellite was passing over the area. Sampling was made repeating three or four times the measurements in each point in order to minimize instrumental errors. SM estimate was obtained averaging the performed measurements and removing outliers from the record. A summary of the results is given in Table 1 , where the daily mean SM value is given for each day along with the range of variability (min-max values) observed over each site. There is a limited number of missing values due to technical issues encountered during the experimental campaign. Looking at reported values several considerations arise. First, it is possible to note as the investigated period was characterized by a general SM fluctuation with an evident drying phase beginning from the end of April. Analyzing these data, it is also possible to identify two distinct behaviors in grass covered (A -M. Caperrino and E -M. Potenza) and forest sites (B -M. Falcone and C -Transect 1). The temporal variability of SM is significantly higher in the areas with grass cover respect to the forested sites. On the other hand, the site close to the basin Outlet (site D) seems to show intermediate values. It is necessary to underline that the sampling in this site was particularly difficult for the presence of alluvial stones. The mean SM over the basin area, SM in situ , was derived as a weighted mean based on the area of the land-soil units investigated herein. These data have been compared with the AMSU based indices computed over a pixel whose center is closest to the basin outlet covering the entire basin area.
Remotely sensed data
During the experimental campaign, the direct acquisition of AMSU data was assured by the satellite receiving station of the Institute of Methodologies for Environmental Analysis (IMAA) located in Tito Scalo (PZ), in Basilicata Region. An automatic chain allowed for a generation of advanced satellite products, like SWI and SWVI, immediately after the end of satellite data acquisition (i.e. within 5 min from raw data reception). While the SWI was obtained directly through the AMSU data acquired for each day of the considered period, a preliminary multi-temporal analysis was performed for the computation of SWVI. In particular, for the aim of this work, only diurnal data were taken into account, so the historical AMSU diurnal imagery dataset was used for the identification of the above mentioned reference fields and, hence, for SWVI computation by Eq. (2). In detail, all the images acquired during the morning passes of NOAA 18 (between 12:00 and 14:00 GMT) for every calendar month of the years from 2006 to 2010 was selected (i.e. 5 yr of data analyzed). All pixels potentially affected by rain clouds and snow effects or those acquired at zenith angle >50 • were discarded during the processing procedures. About 1500 AMSU-A data were processed and used. It should be noted that some gaps were present over the whole period. Besides the above mentioned discards, failures at the IMAA satellite ground station, NOAA 18 acquisition problems as well as NOAA-19 overlapping effects may be other causes of missing data.
Results and discussion
In this section, results of the comparison between AMSUderived soil moisture indices (SWI and SWVI) and both insitu (SM in situ ) and modeled (SM mod ) soil moisture data are discussed in detail. As already mentioned, the first index is supposed to mimic the real dynamics of SM, while the latter is designed to describe the SM deviations from the expected values taking also into account its natural variability. For this reason, SWVI is compared with a soil moisture variation (SMV) index computed for the modelled (SMV mod ) data. Such an index has been derived analogously to SWVI (see Eq. 2). The monthly mean and standard deviation of SM were used as reference value for the computation of the soil moisture variations. Such an operation was not feasible for the in-situ measurements because of the limited number of samples available for each month (i.e. March-AprilMay 2010).
It is necessary to underline that one AMSU pixel covers completely the basin area. Consequently, the time series obtained from the satellite sensors refer only to one pixel that was used to extract the data. Obviously, we preferred to simulate dynamics of SM at the basin scale because in this way we may better validate results of our hydrological application.
The first step of this study was to compare measurements acquired during the field campaign with remotely sensed data. Figure 2 shows the comparison between the measured SM and the SWI index for each of the investigated sites as well as the spatial mean. Looking at the figure it is possible to observe that the correlation seems to change from site to site, probably this might be related to the different land-soil units considered. On one hand, higher correlations are observed for the Monte Caperrino and Masseria Potenza sites, where a grass cover vegetation is present. On the other hand, sites characterized by a dense vegetation cover (i.e. forest) show lower correlation value. Such results confirm the negative impact of dense vegetation cover on the sensitivity of the SM satellite retrieval. It is also important to observe that the site close to the basin Outlet is totally uncorrelated with the AMSU SWI. These data, as described in the previous section, were acquired with significant difficulties and are poorly representative of the actual SM conditions, for this reason they have not been considered for the computation of the spatial mean. Apart from the site close to the Outlet basin, a fairly good correlation is observed in all cases. The spatial mean SM displays a Pearson correlation coefficient of about 0.5 with highly scattered data. However, it is necessary to underline that the investigated period is characterized by a low number of significant rainfall episodes and the overall SM variability is mainly driven by a drying processes. This preliminary comparison shows a sufficient ability of the SWI to describe the state of the soil.
To investigate a longer period we adopted a hydrological simulation able to furnish soil moisture data over the entire basin. DREAM was used for this purpose and its performances have been tested against the measured streamflow with satisfying results, although this does not necessarily mean an accurate description of SM behavior (Grayson et al., 1992) . For this reason, model was also validated using the SM measurements made during the field campaign (see Sect. 3.1). Fourteen maps of saturation degree were generated and plotted for those days providing an interesting description of the temporal and spatial variability of SM process (Fig. 3) . Maps clearly show that in the considering period the relative saturation patterns reflect the main physical characteristics such as the soil texture and basin morphology. Moreover, the general behavior depicted by the measured SM (Table 1) is confirmed by the simulated SM values obtained averaging the simulated SM in all pixels of the basin for the 14 days investigated (see Table 2 ). The comparison between the measured and simulated SM is given in Fig. 4 , where the mean daily SM computed over each monitored sites is plotted as a function of the measured values. The comparison was in general satisfying with the exception of the site close to the basin Outlet. This result confirms the ones already discussed and it might be related to the sampling difficulties experienced during the field campaign. The difference between results achieved for grass covered and forested sites is reflected by the correlation in each case. The forested sites generally show a lower correlation than grass covered ones. This result is probably related to the control volume for the soil water balance equation. In fact, these sites are characterized by thicker soils (150-180 cm) that tend to modulate SM fluctuations and may differ significantly from the surface measurements taken at 0-30 cm of depth.
In a further step of this work, a direct comparison between the SWI, SWVI (both filtered and not) and the modeled SM was carried out to assess their capabilities in describing soil moisture variability for the investigated area during the analyzed period (Figs. 5 and 6 ). Focusing first on not filtered data, results of the comparison between SWI and the modeled SM, and SWVI and SMV mod are plotted in Figs. 5a and 6a. As a general remark, results show a limited ability for both AMSU-based indices to describe the modeled mean SM values. This is certainly due to the fact that the SM retrieved from satellite refers to the first top layer of soil, while the simulation made by DREAM refers to a control volume much larger, ranging from 50 cm to 180 cm. Moreover, it must be stressed that the SWVI only describes the statistical fluctuations of the measured parameter, representing a white noise signal in absence of significant perturbing events. Thus, no significant correlation is expected as far as all the data-set is considered.
To improve the effectiveness of the remotely sensed time series, it is useful to apply a low pass filter like the one introduced in Eq. (3). Figure 5b shows the comparison between the modeled SM and the AMSU SWI * , while Fig. 6b shows the comparison between the modeled SM variation (SMV mod ) and the SWVI * . In both cases, the parameter, T , of the filter was calibrated with the data, obtaining a value of T = 52 days in the first case and 64 days in the second, which are in agreement with those obtained in a previous study (Lacava et al., 2010) . The correlation between AMSU SWI * -modeled SM significantly increases (as summarized in Table 3) up to 0.86, while a slightly correlation was observed between AMSU SWVI * and SMV mod . The temporal dynamics of SM simulated by DREAM and the AMSU based - SWI * are depicted in Fig. 7 using a double axis plot in order to keep the units of each measure. Here, one can appreciate the ability of SWI * to mimic the general real behavior of SM although some short-time changes are not well identified by satellite-based retrieval. As a general comment, we observed that SWI * is able to reproduce the seasonal fluctuations of SM, but is not able, at least in this case, to reproduce accurately the time series of SM, especially short time fluctuations. This challenge should be coped by the SWVI.
Within an operational context, information carried out by SWVI might furnish automatic and suitable indications about unexpected soil moisture variations in the time domain providing a support for alerting purposes and hazard assessment studies. So that, in the last part of this work we focused on the SWVI in order to better understand its ability to describe SM state and variations. As above cited, in "normal" conditions (i.e. in the absence of any significant perturbing event) SWVI only describes the statistical fluctuations of the measured parameter, which will not show a significant correlation as far as all the data-set is considered. More interesting should be to investigate only SWVI values above a given threshold. In particular, we were interested in analyzing SWVI values possibly associated to the occurrence of perturbing events (high saturation state related to intense precipitation episodes). As a consequence, the SWVI values above selected thresholds were compared with the relative variation of simulated SM. For this purpose, we adopted threshold values of SWVI ranging from 0.5 up to 3.5 observing an increase of the correlation with the threshold, as shown by the results reported in Table 4 , where we also reported the significance of the correlation. In particular, correlation coefficient systematically increases as far as threshold increases up to a value of 0.81. As previously stated, the values reported in the table are obtained discarding the pixels acquired at zenith angle >50 • . Discarding the pixels acquired at a zenith angle >45 • a slightly increase in the correlation relative to each threshold is observed confirming the impact on the signal of the spurious effects arising from side view acquisition (Karbou et al., 2005) . A deeper analysis of such effects will be carried out in future investigations.
The comparison with the SWVI and the relative change in SM is depicted in Fig. 8 , where one can appreciate the changes in the reliability of SWVI with the increase of its values. Such results, here presented for the first time, seem to indicate a general strategy to support the management of the hydrogeological risk: SWI may be used to monitor the seasonal soil moisture pattern, while high SWVI values might be used to indicate soil moisture state at critical conditions. This aspect becomes more relevant considering that, at this moment, AMSU-A is operating on five NOAA satellites (15-16-17-18 and 19) as well as on EOS-Aqua (since 2002) and on EUMESAT's Metop-A (since 2006), providing a temporal resolution of at least about 4-6 h at mid-latitudes. This high temporal resolution is a fundamental requirement for early warning activities related to flood prediction and forecasting in small to medium catchments, where the flood dynamics is very quick. In addition such a dense rate of acquisition will guarantee a global surface coverage even discarding data acquired at a zenith angle >45 • .
Conclusions
In this work, the reliability of AMSU-based indices has been investigated further in details using a field monitoring campaign and a long term hydrological simulation. On one hand, the in-situ SM has been measured using a portable TDR during a three months campaign taking 48 point measurements distributed in different sites of a river basin located in Basilicata region (southern Italy). Each site was chosen in order to provide a complete description of the dynamics of the different land-soil units of the basin. On the other hand, the hydrological simulation was used to describe basin dynamics over a temporal window of about 5 yr.
The AMSU-based indices adopted in this work are respectively the SWI and the SWVI index. They were used in their original version as well as filtered in the form of SWI * and SWVI * in order to account for the discrepancy existing between the skin satellite measurement, that obviously produces a time series with higher temporal variability, and the field measurements referring to the first 30 cm of soil or the simulations that are averaged over a depth variable between 50 cm and 180 cm.
Generally speaking, the analysis over different land-soil units provided an interesting insight on the temporal dynamics of soil moisture that is significantly influenced by land cover. In particular, we observed a good agreement between measured or modeled SM with remotely sensed data in presence of shallow rooted vegetation meaning that the comparison between these data becomes more reliable when they refer to similar control volume as well as to less vegetated areas.
Results of the field campaign provided a preliminary description regarding the ability of SWI to describe SM fluctuations. In spite of the short period of observation, a certain degree of correlation between SWI and the in-situ SM measurements was observed.
These results were corroborated by the analyses carried out over the larger temporal window where the simulated SM have been compared with the remotely sensed data. In this case, it is particularly clear how well SWI may describes the SM seasonal fluctuations, especially after the application of a low pass filter. Nevertheless, SWI provides less efficiency in describing short time variations. As a final remark, it was found that SWVI can capture the SM variations with a precision that increases at the higher values of SWVI and may represent a good strategy to monitor the SM state for flood forecasting purposes. These findings address the use of AMSU maps for floods, inundations and all related fields in which real time forecasting is important.
